An increasing amount of empirical evidence suggests that patients with higher socioeconomic status wait less within publicly-funded hospitals to receive non-emergency (elective) surgery.
Introduction
Many OECD countries provide universal access to required health care, irrespective of the ability to pay. For example, in the UK and Australia, all permanent residents have the right to public hospital treatment at no charge. An important aim of such systems is to provide care according to clinical need and not on the basis of willingness to pay.
Publicly-funded systems are however often characterised by excess demand which generates a waiting list. Waiting times generate dissatisfaction for patients since they postpone benefits from treatment, may induce a deterioration of the health status of the patient, prolong suffering and generate uncertainty. Given the absence of a monetary price, economists have argued that waiting times act as a non-monetary price which brings the demand for and supply of health care in equilibrium (Lindsay and Feigenbaum, 1984; Martin and Smith, 1999; 2003; Martin et al., 2007; Cullis, Jones and Propper, 2000; Fabbri and Monfardini, 2009 ).
One apparent advantage of rationing by waiting times is that access to services does not depend on the ability to pay, unlike any form of price rationing where access is dependent on income. However, a recent empirical literature (reviewed in more detail below) suggests that, even within a publicly funded health system, non-price rationing does not guarantee equality of access by socio-economic status. Individuals with higher socioeconomic status (as measured by income or educational attainment) can wait less for publicly-funded hospital care than those with lower socioeconomic status (Siciliani and Verzulli, 2009; Cooper et al., 2009; Laudicella et al., 2010; Johar et al., 2010; Monstad, 2010; Carlsen and Kaarboe, 2010) . This negative gradient between waiting time and socioeconomic status may be interpreted as evidence of inequity within publicly-funded systems which favours rich and more educated patients over poorer and less educated ones. Therefore, rationing by waiting times may be less equitable than it appears in first instance.
Publicly-funded healthcare systems are often characterised by the presence of a private sector alternative which patients can access if they pay out of pocket or if they are privately insured.
A key feature of this private sector is that waiting times are negligible: the promise of low wait is indeed the main way to attract patients from the public to the private sector (Iversen, 1997; Hoel and Saether, 2003; Olivella, 2003; Marchand and Schroyen, 2005) . Given such institutional feature, one possible explanation for the observed gradient between waiting time and socioeconomic status is the possibility of sample selection: rich patients who expect high waiting times are more likely to afford and opt for the private sector generating a negative gradient between income and waiting time in the public system. In other words, public hospitals treat poor patients with expected high and low waiting times but only rich patients with low waiting times.
The objective of this paper is to explore the role of sample selection generated by the presence of a private sector in explaining the gradient between waiting time and socioeconomic status. We use data from Australia and exploit the unique feature of administrative databases that collect extensive information for both public and private patients. We estimate Heckman sample selection model which explicitly takes into account the choice of public versus private care. This is in contrast to previous studies where administrative databases only collect data for public patients (this is the case in England and Norway for example): without data from the private sector Heckman sample selection models cannot be tested and the scope of sample selection in explaining the gradient is difficult to evaluate. The investigation of the role of sample selection into explaining the gradient is our key contribution to this recent literature. As far as the authors are aware, this is the first paper which tackles sample selection in the estimation of the gradient between waiting times and socioeconomic status.
We use data on over 200,000 elective hospital admissions from the state of Victoria in Australia in the financial year 2005-06, where the private sector accounts for half of all hospital admissions: the potential bias due to sample selection may therefore be a significant one. Comparable data are available at patient level for both the public and the private sector.
We investigate whether patients living in better-off areas wait less in public hospitals than patients in poorer areas. Socioeconomic status is measured through an index which captures economic resources at small area level: Socio-Economic Indexes for Areas (SEIFA) for Economic Resources. Waiting times refer to the time elapsed between the time the specialist adds the patient to the waiting list and the time the patient is admitted for hospital treatment (also known as 'inpatient' waiting time). Our sample includes all patients in need of elective surgery.
We first run a baseline OLS regression of waiting times in public hospitals on socioeconomic status and compare it with the estimates from a Heckman sample selection model where the first stage is modelled as a choice between public and private hospital treatment and the second stage provides an estimate of the waiting time-income gradient once corrected for possible sample selection.
We also expand the analysis using quantile regression to explore the gradient and sample selection at five quantiles (10 th , 25 th , 50 th , 75 th and 90 th ). This is because we expect sample selection to matter more at high levels of waiting times when the incentive to opt for the private sector is strongest: patients expecting high waiting times are more likely to opt for private hospital care than those expecting lower ones. The quantile estimates control for sample selection using the semi-parametric correction suggested by Buschinsky (1998) .
The analysis overall suggests that sample selection plays a role in explaining the gradient.
The gradient is smaller after controlling for sample selection but does not vanish. Using a sample of all patients in need of non-emergency surgery, OLS regression shows a negative waiting time-gradient: compared to patients coming from the poorest areas, those coming from the richest ones wait about 12% less. With an average waiting time of 89 days, this amounts to over a week. Since we control for hospital fixed effects, the gradient can be interpreted as evidence of inequalities within the hospital. However, once the estimates are corrected for sample selection using the Heckman approach, the magnitude of the gradient reduces by about half.
The first-stage selection equation confirms that patients residing in the richest areas have a lower probability of choosing a public hospital. For example, relative to patients residing in the poorest areas, patients in need of surgery residing in areas in the third decile of deprivation are 26% less likely to opt for a public hospital, and those in the richest decile are 80% less likely to opt for a public hospital.
Quantile regression (without correcting for sample selection) suggests that compared to patients living in areas with lowest income, patients living in areas with income in the top three deciles wait 8-12% less across different quantiles of the waiting time distribution.
Similarly, patients living in areas with income in top 6-7 deciles wait 3.3-7.7% less compared to patients living in areas with income in the lowest decile across all quantiles of the waiting time distribution. In line with previous results, once sample selection is taken into account, the gradient is substantially reduced.
We also replicate the analysis for four sub-groups of patients in need of Eye Surgery, Hip & Knee Surgery, Prostatectomy and Hysterectomy. The results show that whenever a gradient is detected by OLS, this is reduced once sample selection is taken into account.
Existing literature
In this section we review the existing literature. Using survey data from SHARE, Siciliani Using administrative data for patients in need of hip replacement in Norway, Monstad et al.
(2010) find that a statistically highly significant negative association between income and waiting time for men, and between education and waiting time for women. Carlsen and Kaarboe (2010) use administrative data from all somatic elective inpatient and outpatient hospital stays in Norway. They find little indication of discrimination with regard to income but some indication of discrimination of men with low education in terms of lower probability of zero waiting. They also find a pro-educational bias for women: women with only primary education wait about 9% (13%) longer than women with upper secondary (tertiary) education.
Using administrative data for Sweden, Tinghög et al. (2010) find that individuals with low disposable income experience longer waiting times for orthopedic (27%) and general surgery (34%). No significant differences were found on the basis of gender and ethnicity.
None of the above papers deals with the potential sample selection generated by the presence of a private sector. This study also contributes to the broader literature of measuring equity in healthcare utilisation (Van Doorslaer and Wagstaff, 2000) , which tests whether individuals with higher socioeconomic status have higher utilisation of healthcare, controlling for need, within publicly-funded health systems.
The outline of the study is as follows. Section 2 presents the econometric specification.
Section 3 describes the data and institutional setting. Section 4 provides the results and Section 5 concludes.
Econometric specification

OLS model
We are interested in testing whether public patients with higher socioeconomic status wait less than patients with lower socioeconomic status when admitted to hospital. Define w as the waiting time between the time the public patient is registered to the waiting list, after specialist assessment, and the time the patient is admitted to a public hospital for treatment.
The model specification is the following: Hospital fixed effects are included in the model to control for differences in waiting times across hospitals which might arise from differences in supply (beds, doctors, efficiency).
Hospitals with high supply (and lower waiting times) might be located in urban areas where high-income patients are concentrated leading to correlation between hospital characteristics and socio-economic characteristics of patient's area of residence. In this scenario, omitting hospital fixed effects might overestimate inequalities. Including hospital fixed effects also allows interpreting socioeconomic inequalities in waiting times "within" a hospital, rather than across hospitals.
The dependent variable is transformed by the logarithmic function to reduce the skewness of the waiting time distribution. is the idiosyncratic error. We estimate Equation (1) with OLS.
Equation (1) refers to patients receiving treatment in public hospitals only. It therefore does not include patients who opted for private hospital care. Estimating Equation (1) by OLS may introduce a sample selection bias if richer patients who expect high waiting times in public hospitals opt for private hospital care therefore leaving poor patients in public hospitals waiting longer.
OLS may therefore overestimate the waiting-time gradient in public hospitals if socioeconomic status is positively correlated with the probability of going private. In other words, OLS may find that richer patients wait less in public hospitals, but this is explained more by a reduction in their waiting times as they substitute into private system when their expected waiting times in the public system are high, than by a direct effect of income on waiting times in public hospitals.
One way to address this issue is to make use of the sample selection model proposed by Heckman (Heckman 1979), which is described below.
Heckman Selection Model
Define as a dummy variable which takes the value 1 if patient i in DRG k seeks care in a public hospital and 0 if the patient seeks care in a private hospital. We define the selection equation as follows: (2) where includes dummy variables which captures socioeconomic status (nine dummies for ten quantiles, patient characteristics (age, gender, total number of procedures performed during a hospital's episode and primary diagnosis), DRG fixed effects and patient's private health insurance status.
Since is observed only if the patient seeks treatment in a public hospital, Equation (1) can be rewritten as:
where ~ 0, and ~ 0,1 . The covariance between the two error terms is given by , . As mentioned above, estimating Equation (1) using OLS in this scenario may lead to biased estimates. Heckman selection method involves a two-step estimation procedure which provides consistent, asymptotically efficient estimates for all parameters.
The Probit equation (Equation (2)) is estimated by maximum likelihood to obtain . For each patient in the selected sample, the Inverse Mill's Ratio (IMR) is computed as = φ / . Equation (3) is subsequently estimated by ordinary least square regression including as an additional covariate. A non-zero significant coefficient of the Inverse Mill's Ratio ( = ) provides evidence of sample selection.
For the identification of the selection model we need to apply at least one exclusion restriction, ie one variable that is included in but is excluded as a covariate in the waiting time equation (Equation (1)). 4 We therefore require at least one variable that affects the probability of seeking public/private hospital care but not the waiting times in public hospitals. We use patient's private health insurance status as an identifying variable. The main reason for this is that a decision to seek care in a private hospital system is mainly based on patient's private health insurance status and thus will be crucial in the first stage selection equation, while in this particular health system, waiting times for public patients are unlikely to be affected by insurance status.
Quantile Regression with Sample Selection
The Heckman model discussed above corrects for sample selection at the conditional mean.
The relationship between waiting times and socioeconomic status, and sample selection bias may however vary at different levels of waiting times. Since patients expecting very high waiting times are more likely to opt for private hospital care, selection bias might be more pronounced at very high levels of waiting times. To account for this we use quantile regression (QR) analysis to investigate the gradient and selection bias across the whole distribution of waiting times. Two main advantages of using a quantile-regression approach are that: i) it uses the entire sample information without losing degrees of freedom which instead occurs if the sample is split into sub-samples; and ii) it avoids the sample truncation problem which arises by splitting the data into sub-samples based on observed values of the waiting times which in itself could cause selection bias.
We can rewrite equation (3) for the conditional quantile ( ) in the following way (Buschinsky, 1998):
where are the slope coefficients at the quantile. In the absence of sample selection 1 0 and the above equation could be estimated consistently by quantile regression. However, the dependence between and will lead to nonzero values of 1 . The conditional quantile of observed waiting times depends, among other things, on the quantile-specific selection bias term of unknown form μ ( ) which cannot be corrected using the traditional IMR derived from the first stage of Heckman model (a fully parametric estimation). Parametric estimators are consistent and asymptotically efficient only if the distributional assumptions are correctly specified. Since in our case the selection bias term is of unknown form, estimating it by parametric method will lead to inconsistent estimates. 5 Therefore, we use a non-parametric method where the unknown function μ ( ) is approximated by a series expansion, following a two-step procedure. In the first step the selection parameter is estimated. In the second step a quantile regression is run on all the second stage covariates and on an estimate of μ ( ), μ μ . The parameters in the selection equation (Equation (2)) are estimated using quasi-maximum likelihood (ML) method following a semi non-parametric (SNP) estimator proposed by Gallant and Nychka (1987) . The main reason for using SNP estimator is that it approximates the multivariate probability density (required for the likelihood function) using polynomial expansion (the degree of polynomial determined by a series of Likelihood Ratio (LR) tests) and provides consistent estimates of model parameters.
A more detailed discussion on the estimation procedure is provided in Appendix A. Patients who seek treatment in a private hospital incur the full cost of treatment, which is paid by the patient either directly or through her private health insurer. They do not have to wait for hospital treatment and can choose their own specialist. The private option is clearly attractive for patients who already have a private health insurance which reimburses the cost of hospital treatment, though patients may have a co-payment.
Institutional setting and Data
The patient can be referred to a public hospital either from a specialist or a general medical practitioner (a family doctor). Patients who require elective surgery are added to the waiting list. The referring doctor assigns an urgency category based on patient's clinical condition.
Patients are informed about the proposed procedure, their provisional diagnosis and their urgency category. Medical practitioners advise patients on the costs associated with treatment in the private sector. They also provide information on access to surgery in public hospital which is based on clinical urgency regardless of insurance status. Elective surgery waiting lists are managed to ensure that priority is given to patients with an urgent clinical need. VAED data for public hospitals includes data on waiting times for patients admitted to elective treatment in public hospitals. Waiting time (which will be our key dependent variable) for each patient is calculated as a difference between the date of registration on the waiting list (from the referring doctor) and the date the patient was admitted for treatment in the public hospital. Private hospitals do not record waiting times because they are on average negligible.
We measure socioeconomic status through an index which captures economic resources at small area level, known as the SEIFA (Socio-Economic Indexes for Areas) for Economic
Resources. This index is created from information collected in the Census of Population and proportion of people with stated annual household equivalised income greater than $52,000
(approx 9th and 10th deciles of the income distribution of Australia); and xv) proportion of occupied private house with four or more bedrooms.
The SEIFA scores are created by combining these variables using principal components analysis (PCA). given a decile number of 1, the second lowest 10% of SSC are given a decile number of 2 and so forth, up to the highest 10% of SSC which are given a decile number of 10. Thus areas are divided into ten groups, depending on their score. Decile 1 is the most disadvantaged relative to the other deciles.
In this analysis we focus on publicly-funded patients receiving treatment in a public hospital and on privately-funded patients receiving treatment in a private hospital. In Victoria there is however a third category of patients, ie patients who are privately-funded but are treated in a public hospital: such private chargeable patients can choose doctor and single-room accommodation if available. This group of patients is however negligible and the diagnosis of these patients are relatively simple from a clinical point of view (for example circumcision, tonsillectomy, inguinal and femoral hernia, myringotomy with tube insertion, ie ear infection etc). We therefore exclude them from the sample.
7 Since this SEIFA index captures economic resources we use the term income decile interchangeably with SEIFA decile throughout the paper.
We control for patient complexity using the following variables which are reported in VAED The average waiting time in public hospitals is about 89 days. As expected, there are more patients going public from low-income areas and more patients going private from highincome areas. For example, 13% of patients living in the poorest areas choose a public hospital (as opposed to 8% across the whole sample). In contrast, only 2.6% of patients living in richest areas choose a public hospital (as opposed to 5.8% across the whole sample).
About 48% of patients in the whole sample hold private health insurance. The proportion of male patients is 44% in both public and private hospitals. In both types of hospital, most patients receive on average two or three procedures, with only 8-10% receiving more than 5
procedures. Patients' age distribution is similar in public and private hospitals. times are respectively equal on average to 108, 196, 82 and 95 days. As with the whole sample there are more patients going public from low-income areas and more patients going private from high-income areas.
[ Table 1 here] Table 2 provides the results when patients from all DRG groups are included in the sample.
Results
The first column provides OLS results on the variation of waiting time in public hospitals across income deciles, after controlling for age, gender, primary diagnosis, DRG, number of procedures and hospital fixed effects.
It suggests that individuals who live in richer areas wait less. More precisely, compared to patients living in areas with lowest income, patients living in areas with highest income wait 13% less. Given an average waiting of 89 days, this implies an average reduction of 11 days.
Patients in almost every decile of income have a progressively lower waiting time than the one below. For example, patients living in areas with income falling between the 2 nd and the 7 th decile wait between 5-8% less than those in the lowest income decile. 9 Patients living in areas with income falling in the 8 th or 9 th decile wait 10-11% less than those in the lowest (first) income decile.
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[ Table 2 here]
The second and third columns in Table 2 show the results from the Heckman selection model: the second column provides the waiting time equation and the third column the selection equation. It suggests that the gradient is still present but it is reduced when sample selection is taken into account. Compared to patients in the lowest income decile, patients whose income falls between the 2 nd and 7 th decile wait 3-4% less, and patients whose income falls between the 8 th and 10 th decile wait 5-6% less. The precision of the estimate also reduces 9 Calculated as exp(β) -1 as waiting time is in logs. 10 In the model we do not control for education deciles derived from the SEIFA index for education and occupation because of its high collinearity to SEIFA index for Economic Resources. When including both income and education deciles in the OLS and the Heckman selection model, we find no effect of education on waiting times, while the income one remains both statistically significant and of similar magnitude. To simplify the presentation of the results and to improve the efficiency of the estimates we therefore do not include the education variables. Including them does not change in any way the results.
especially at the lower income deciles where the difference in waiting times are smaller, than at the highest decile.
Regarding the selection equation (specified as the probability of choosing a public hospital) patients with higher income have generally a lower probability of choosing a public hospital.
Differences are quantitatively large: compared to the lowest decile, individuals within the highest income decile have a reduced probability of going public by 80%. A negative sign of the Inverse Mill's Ratio shows that people who have a higher propensity of choosing public hospital wait less.
We now move to quantile regression results. Table 3 presents results for the first stage (selection equation) estimation using the Semi Non-Parametric (SNP) estimator as described in Appendix A. 11 The first column presents the results from probit estimates for comparative purposes. The SNP estimates with degree of polynomial of order 3 and 5 (SNP(3) and SNP(5) respectively) are presented in the third and fourth column respectively. We first test if the error term follows a standard Gaussian distribution using the LR test of the probit model against the SNP(3) and SNP(5) models. The assumption of a Gaussian distribution is rejected suggesting that estimation using a probit model will lead to inconsistent estimates of .
We therefore prefer to estimate the coefficients using SNP model.
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We now compare the coefficients of probit and SNP(5) models. It should be noted that because of different scale normalization and fitted densities, estimated coefficients of the probit model are not directly comparable with those of the SNP models (De Luca, 2008) .
However, the ratio of estimated coefficients can be compared across models. Here we use the coefficients' ratio with respect to age by normalising the age coefficients to 1. These estimates are presented in the lower half of Table 3 . 13 The coefficients on income dummies estimated with the SNP model are very close to those estimated with a probit model.
In summary, the first-stage results for the quantile analysis show that the non-parametric SNP model should be preferred over a simpler probit model (as suggested by the LR test) and 11 Estimation is done using the 'snp' command in Stata written by De Luca (2008) . 12 The optimal degree of polynomial of the SNP estimator is chosen using a LR test of order K model versus order K-1 model. We select SNP(5) model as LR tests for K-1 against K reject the null at 1% significance level for K<= 5. The SNP models for higher order are not considered for two main reasons: First, the magnitude of income coefficients from SNP(3) and SNP(5) models are similar suggesting convergence and thus no requirement for higher order models. Second, SNP coefficients which correspond to the coefficients of polynomial terms are all significant at 1% level for model SNP(5) but their magnitudes approach zero for higher orders in SNP(5) model. 13 The standard error for these ratios is calculated by delta method using "nlcom" command in Stata.
therefore over the traditional Heckman selection equation, though the coefficients of income on the probability of choosing public versus private care are very similar (and therefore robust) under the two estimation strategies.
[ Table 3 here] [ Table 4 here] with income falling between the 7 th and 10 th decile wait 10-20% less compared to those living in areas with income falling in the lowest decile area. Once selection is controlled for through Heckman selection model, the magnitude of these effects reduce and remain significant at 5% level only for patients whose income falls in the 7 th and 8 th deciles (the coefficient is about 2% smaller in absolute values). For Prostatectomy patients with income falling in decile 4
and 9 wait respectively 31% and 60% less than patients with lowest income. After controlling for selection the effect on decile 4 ceases to be statistically significant while the effect on decile 9 is significant only at 10% level. For Hysterectomy patients with income in decile 8
wait 21% less both when we control or we do not control for selection (though this is statistically significant only at 10% level).
[ Table 5 here]
In summary, the results overall reveal that ignoring sample selection can lead to an overestimation of the income gradient. Part of the effect of income on the time spent on elective surgery waiting lists in Victoria can therefore be attributed to patients with higher income opting for private care. When selection into private hospital care is taken into account, the gradient is reduced.
Conclusions
We have investigated the role of sample selection in explaining the gradient between waiting times and socioeconomic status. Using data from the state of Victoria in Australia, we have shown that OLS regression methods suggest that individuals living in areas with higher income wait less in public hospitals compared to individuals living in areas with lower income. More precisely, compared to patients living in areas in the lowest income decile, patients living in areas in the highest income decile wait overall 13% less. Given an average waiting of 89 days, this implies an average reduction of 11 days
Since patients have a choice between public care with a significant waiting time and private care (at negligible waiting time), one possible explanation for this gradient is sample selection: richer patients have a higher probability of choosing private care than poorer ones when waiting times are high. Therefore, the public sector treats poor patients with high and low waiting times but only rich patients with low waiting times. We have controlled for sample selection by estimating Heckman (and related) sample selection models which take into account in the first stage the probability of choosing public versus private care. Our analysis shows that within the state of Victoria in Australia, where about 50% of patients receive private care, sample selection does play a role. Once sample selection is taken into account, the gradient between income and waiting time is reduced and about half of the one estimated by OLS.
There are different possible explanations for the residual gradient between waiting time and socioeconomic status (after taking into account sample selection). Individuals with higher socioeconomic status may engage more actively with the system and exercise pressure when they experience long delays. They may also have better social networks ('know someone') and use them to have priority over other patients, and they may have a lower probability of missing scheduled appointments (which would increase the waiting time). Investigating empirically the different mechanisms which explain the residual gradient (on top of sample selection) is left for future research.
Appendix A
First Stage Estimation
The parameters in the selection equation (Equation (2)) are estimated using quasimaximum likelihood (ML) method following a semi non-parametric (SNP) estimator
proposed by Gallant and Nychka (1987) . 14 However, a maximum likelihood method requires the correct specification of the multivariate probability density function that defines the likelihood, which is unknown. 15 The SNP estimator approximates the density using a Hermite polynomial expansion and uses the approximations to derive pseudo-ML estimator for model parameters. The value of degree of polynomial can be selected by a sequence of likelihoodratio (LR) tests. The SNP estimator provides consistent estimates if the degree of polynomial increases with sample size.
However, there are two identification issues with this estimator. The intercept coefficient can be absorbed into the unknown distribution of the error term and is not separately identified.
Also the slope coefficients can only be identified up to a scale parameter. Thus both location and scale normalizations are required to identify the SNP estimates. Furthermore the scale normalisation must be based on continuous variables with a nonzero coefficient (Pagan and Ullah, 1999) . In other words, identification of an SNP estimator requires fixing the value of intercept and having at least one continuous variable in the vector of covariates. Following Melenberg and Soest (1996) we fix the value of intercept to its probit estimate. We also include patient's age as a continuous variable for quantile regression analysis to enable scale normalisation and identification of the SNP estimator. 
Second Stage Estimation
